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Abstract. Defect inspection is paramount within the closed-loop man-
ufacturing system. However, existing datasets for defect inspection of-
ten lack the precision and semantic granularity required for practical
applications. In this paper, we introduce the Defect Spectrum, a com-
prehensive benchmark that offers precise, semantic-abundant, and
large-scale annotations for a wide range of industrial defects. Building
on four key industrial benchmarks, our dataset refines existing annota-
tions and introduces rich semantic details, distinguishing multiple defect
types within a single image. With our dataset, we were able to achieve
an increase of 10.74% in the Recall rate, and a decrease of 33.10%
in the False Positive Rate (FPR) from the industrial simulation experi-
ment. Furthermore, we introduce Defect-Gen, a two-stage diffusion-based
generator designed to create high-quality and diverse defective images,
even when working with limited defective data. The synthetic images
generated by Defect-Gen significantly enhance the performance of defect
segmentation models, achieving an improvement in mIoU scores up to
9.85 on Defect-Spectrum subsets. Overall, The Defect Spectrum dataset
demonstrates its potential in defect inspection research, offering a solid
platform for testing and refining advanced models. Our project page is
in https://envision-research.github.io/Defect_Spectrum/.

1 Introduction

Industrial manufacturing is a cornerstone of modern society. In an environment
where minute imperfections can result in significant failures, ensuring top-tier
quality is imperative. Manufacturing predominantly relies on a closed-loop sys-
tem, encompassing production, defect inspection, filtering, and analysis, as illus-
trated in Figure 1.

Within this system, defect inspection plays a pivotal role, interfacing with
most stages and ultimately determining product quality. Striking the right bal-
ance between identifying defective items and acknowledging sub-optimal ones,
⋆ These authors contributed equally to this work.
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Fig. 1: (a) Identifying the size, position, and type of defects is essential for quality con-
trol, as it guides the post-processing of products. Major issues such as misaligned zipper
teeth, necessitate factory rework, whereas minor problems, like fabric snags, can lead
to different distribution strategies. This approach ensures the maintenance of product
quality and enhances the distribution process. (b) Shows our annotation is finer, and
includes those that are omitted in the source annotation. (c) Source annotation [1,3,46]
ignores multiple defective classes within a single image, while ours provides annotation
for distinct class, shown in different colors. Best viewed in color.

based on defect size, position, and type, becomes critical [42]. Taking the "zip-
per" defect as an illustrative case. A garment zipper where the teeth are mis-
aligned, as depicted in Figure 1 (a). This type of defect, although it might seem
minor in terms of size or visibility, critically impacts the garment’s functionality,
necessitating its return to the factory for correction. However, defects located on
the fabric, such as minor snags or slight color variations, require careful consider-
ation of their size and impact. Small-scale fabric defects could be classified within
an acceptable range, allowing for differentiated distribution strategies that might
include selling these products at a discount, thereby maintaining product flow
without compromising overall quality standards. Additionally, documenting the
category and location of defects can pave the way for predictive maintenance
and provide valuable insights for refining product repair processes [29].

However, current datasets struggle to meet the intricate practical needs of
industrial defect inspection. One notable limitation is the insufficient granularity
concerning defect types and locations. For instance, anomaly detection datasets
like MVTEC [3] and AeBAD [51] give pixel-level annotations but are restricted
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to binary masks. Meanwhile, datasets like VISION [1], though more detailed,
occasionally miss or misclassify defect instances.

To address these gaps, we introduce the Defect Spectrum, aiming to offer
semantics-abundant, precise, and large-scale annotations for a broad spectrum of
industrial defects. This empowers practical defect inspection systems to furnish
a more thorough and precise analysis, bolstering automated workflows. Building
on four key industrial benchmarks, Defect Spectrum offers enhanced annotations
through a rigorous labeling endeavor. We have re-evaluated and refined existing
defect annotations to ensure a holistic representation. For example, contours of
subtle defects, like scratches and pits, are carefully refined for better precision,
and missing defects are carefully filled with the help of specialists. Beyond that,
our dataset stands out by providing annotations with rich semantics details,
distinguishing multiple defect types even within a single image. Lastly, we have
incorporated descriptive captions for each sample, aiming to integrate the use of
Vision Language Models (VLMs) in upcoming studies. During this endeavor, we
employ our innovative annotation tool, Defect-Click. It has largely accelerated
our labeling process, emphasizing its utility and efficiency, ensuring meticulous
labeling even with the extensive scope of our dataset.

Another palpable challenge is the limited number of defective samples in
datasets. For instance, in DAGM, there are only 900 defective images. In MVTEC,
although it has 5354 total images, the defectives among them are merely 1258.
And even the extensive VISION dataset falls short in comparison to natural
image datasets like ImageNet [11] (1 million images) and ADE20k [53, 54] (20k
images). To address this, we harness the power of generative models, proposing
the “Defect-Gen”, a two-stage diffusion-based generator. Our generator exhibits
promising performance in image diversity and quality even with a limited num-
ber of training data. We show that these generated data could largely boost the
performance of existing models in our Data Spectrum benchmark.

To summarize, our contributions are listed as follows.

– We introduce the Defect Spectrum dataset, designed to enhance defect in-
spection with its semantics-abundant, precise, and large-scale anno-
tations. Unlike existing datasets, we not only refine existing annotations for
a more holistic representation but also introduce rich semantics details. This
dataset, building on four key industrial benchmarks, goes beyond binary
masks to provide more detailed and precise annotations.

– We propose the Defect-Gen, a two-stage diffusion-based generator, to
tackle the challenges associated with the limited availability of defective
samples in datasets. This generator is shown to boost the performance of
existing models, by enhancing image diversity and quality even with a limited
training set.

– We conducted a comprehensive evaluation on our Defect Spectrum dataset,
highlighting its versatility and application across various defect inspection
challenges. By doing so, we provide a foundation for researchers to evalu-
ate and develop state-of-the-art models tailored for the intricate needs of
industrial defect inspection.
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2 Related Work

Industrial Datasets There are several well-used datasets for Industrial Defect
Inspection: DAGM2007 [46], AITEX [36], AeBAD [51], BeanTech [27], Cotton-
SFDG [20] and KoektorSDD [39] offer commonly seen images that cover a wide
array of manufacturing materials; MVTEC [2, 3] is a dataset for benchmarking
anomaly detection methods with a focus on industrial inspection; VISION V1
[1] includes a collection of 14 industrial inspection datasets containing multiple
objects. A notable shortcoming in the aforementioned industrial datasets is they
often lack specificity regarding the defect’s type or its precise location. Aiming
to refine these issues, we introduce the Defect Spectrum datasets. Further details
will be explained in Section 3.

Defect-mask Generation Defect inspection plays a vital role in various in-
dustries, including manufacturing, healthcare, and transportation. Previous at-
tempts based on the traditional computer vision method [37] have proven to be
robust for detecting small defects, but they all suffer from detecting defects in
textures-rich patterns. In recent years, Convolutional Neural Networks(CNNs) [15,
16,28] based models are commonly used for defect inspection, but limited avail-
ability of real-world defect samples remains a challenge. To mitigate such data-
insufficiency issue, traditional methods for synthesizing defect images manually
destroy normal samples [26] or adopt Computer-Aided Drawing (CAD) [19,25].
Deep learning-based approaches are generally effective, but they require large
amounts of data. GAN-based methods [14, 31, 45, 50] are adopted to perform
defect sample synthesis for data augmentation. DefectGAN adopts an encoder-
decoder structure to synthesize defects by mimicking defacement and restoration
processes. However, it is important to note that GAN-based methods typically
require a substantial quantity of real defect data in order to achieve effective
results. Recent advancements in Diffusion models [12, 18, 30] demonstrated a
superior performance in image generation. However, they tend to reproduce ex-
isting samples when trained with scarce data, leading to a lack of diversity. Stable
Diffusion [32] is one of the most prevailing methods in this field. Nonetheless,
it is not applicable to use a pre-trained stable diffusion model when generating
masks. Our proposed approach, on the other hand, is capable of generating de-
fective image-mask pairs with both diversity and high quality, even when trained
on limited datasets.

3 Dataset

3.1 Datasets Analysis

In Table 1, we present an analysis of the Defect Spectrum datasets in comparison
with other prevalent industrial datasets. Notably, the DAGM2007 and Cotton-
Fabric datasets originally lacked pixel-wise labels, making them less suitable for
detailed defect inspection. While datasets like AITEX, AeBAD, BeanTech, and
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KoektorSDD offer defect masks, they only focus on a limited range of products,
offering a restricted number of annotated images and defect categories.

While some high-quality datasets offer a significant volume of images with
pixel-level annotations, they are not without their limitations. For instance, there
are cases where MVTEC and VISION annotations either miss defects or provide
imprecise, coarse labels, as illustrated in Figure 1(b). Additionally, these datasets
commonly merge various defect classes into a single homogeneous category. This
shortcoming is particularly apparent in the “pill” and “capacitor” examples in
Figure 1(c), where the original annotations provide only binary masks that do
not differentiate between defects such as “scratch”, “crack”, and “color point”. This
approach fails to reflect real-world scenarios, where industrial images frequently
exhibit multiple types of defects simultaneously.

To enhance the capabilities for defect detection, Defect Spectrum datasets
introduce a comprehensive collection of 3518 high-quality, high-resolution im-
ages derived from the aforementioned datasets. These selected images feature
a wide variety of objects and defects, ensuring extensive variance and coverage
for improved analysis. This curated dataset offers detailed, precise, and diverse
category annotations for each image and enriches the data with comprehensive
captions to facilitate better contextual understanding. For every product type
featured, the Defect Spectrum datasets extend their utility by incorporating re-
alistic synthetic data and their accurate masks, ensuring a thorough and versatile
testing ground.

Table 1: Comparison with real-world manufacturing datasets. Defect Spectrum
datasets are the second largest one even though excluding our synthetic data. Defect
Spectrum is also the most diverse, semantics-abundant, and precise manufacturing
benchmark datasets to date. We use * to represent the amount of synthetic data.

Annotated
Defective
Images

Defect
Type

Pixel-wise
Label

Multiple
Defective

Label

Detailed
Caption

AITEX [36] 105 12 ✓
AeBAD [51] 346 4 ✓

BeanTech [27] 290 3 ✓
Cotton-Fabric [20] 89 1
DAGM2007 [46] 900 6

KolektorSDD2 [39] 356 1 ✓
MVTec [3] 1258 69 ✓

VISION V1 [1] 4165 44 ✓ ✓
VisA [56] 1200 75 ✓

Defect Spectrum 3518+1920* 125 ✓ ✓ ✓
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Fig. 2: The inference process of the two staged di�usion models. The input to the large
model p� is gaussian noise, after the optimal step is reached, the intermediate results
containing global information will be used as the input to the small model p� .

3.2 Annotation Improvements

Our improvements in annotations are mainly in three aspects: precision, semantics-
abundance, and detailed caption.

Precision For datasets that were not annotated or merely had image-wise an-
notations, we have elevated them to meet our standards. We have enriched these
datasets with meticulous pixel-level annotations, delineating defect boundaries
and assigning a distinct class label to each type of defect. For those datasets that
already possessed pixel-wise masks, we enhanced their precision and recti�ed any
imperfections. We undertook e�orts to account for any overlooked defects, en-
suring exhaustive coverage. For nuanced defects, such as scratches and pits, we
re�ned the contours to achieve heightened accuracy.

Semantics Abundance In contrast to datasets that only o�er binary defective
masks, Defect Spectrum furnishes annotations with more semantic details, iden-
tifying multiple defect types within a single image. We identify that there are
552 multiple defective images and provide their multi-class labels. Moreover, we
have re-assessed and �ne-tuned the existing defect classes, guaranteeing a more
granular and precise categorization. In total, we o�er 125 distinct defect classes.

Detailed Caption With the evolution of Vision Language Models (VLMs), we
have equipped our datasets by integrating exhaustive captions. It's worth not-
ing that current captioning models, such as BLIP2 [22] and LLaVa [23], often
overlook defect information. As a remedy, we manually re�ned the captions from
VLMs and furnished detailed descriptions. These narratives not only identify the
objects but also elucidate their speci�c defects. We anticipate that this enhance-
ment will inspire researchers to increasingly leverage VLMs for defect inspection
in forthcoming studies.
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